Abstract-Knowing the density of vehicles in a vehicular communications environment is important, as better opportunities for wireless communication can show up. This paper studies the importance of predicting the density of vehicles in vehicular environments to take decisions for enhancing the dissemination of warning messages between vehicles. Moreover, we propose a mechanism which allows the estimation of the vehicular density within a certain urban environment, using as parameters the number of beacons received per vehicle, and the topological characteristics of the environment where the vehicles are located.
I. INTRODUCTION
Vehicular Networks (VNs) are wireless communication networks that support cooperative driving among communicating cars on the road. Vehicles act as communication nodes and relays, forming dynamic vehicular networks together with other near-by vehicles on the road. VNs involve vehicleto-vehicle (V2V) [1] and vehicle-to-infrastructure (V2I) [2] communications, and have received a greater attention in the recent years.
The specific characteristics of vehicular networks favor the development of attractive and challenging services and applications. However, most of these applications could be more efficient if the protocols involved become aware of the density of vehicles at any given time [3] , and adapt their behavior according to this factor. Thus, knowing the density of a vehicular environment is important since it allows using the wireless channel more efficiently.
One issue to keep in mind when making any proposal related to vehicular networks is to study in detail how it behaves when modifying all the possible factors [4] . However, this can be a very time-consuming task, so it is recommended to focus only on the most important factors, overlooking the rest of parameters. In [5] , we studied these factors in realistic urban environments, concluding that the most significant are: (i) the density of vehicles, since messages are propagated much more easily in high density scenarios than in scenarios with a low density of vehicles (where messages cannot exploit the inherent multihop capabilities of VNs), and (ii) the urban topology, as the presence of buildings greatly affects the wireless signal propagation.
Traditionally, in Transportation Systems, vehicle density has been one of the main metrics used for assessing the road traffic conditions. A high vehicle density usually indicates that the traffic is congested. Currently, most of the vehicle density estimation approaches are designed for using infrastructure-based traffic information systems. Hence, these approaches require the deployment of vehicle detecting devices such as inductive loop detectors or traffic surveillance cameras. Consequently, these approaches do not exploit the capabilities offered by emerging self-organizing vehicular traffic information systems, where vehicles are able to collect and process the traffic information without relying on any fixed infrastructure.
In this paper we study the importance of vehicle density awareness in urban environments, and we present a solution to estimate the density of vehicles that is specially designed for Vehicular Networks. Our solution allows vehicles to continuously estimate the vehicular density in their neighborhood by accounting for the number of beacons received per vehicle, as well as the roadmap topology.
The paper is organized as follows: Section II presents in detail the parameters we used in our simulations. In Section III we discuss the importance of the vehicle density and the influence of the topology on the performance of vehicular communications. Later, in Section IV, we present in detail our proposal for real-time estimation of vehicular density, focusing on the methodology followed. In addition to assess the goodness of our proposal, we discuss the obtained results and measure the estimated error. In Section V we review previous works closely related to our proposal. Finally, in Section VI we present the conclusions.
II. SIMULATION ENVIRONMENT
The simulation results shown in this article have been obtained using the ns-2 simulator [6] , modified to consider the IEEE 802.11p standard 1 . We tested our model by evaluating the performance of a Warning Message Dissemination mechanism, where each vehicle periodically broadcasts information about itself or about an abnormal situation (icy roads, traffic jam, etc.). In order to mitigate the broadcast storm problem [7] , our simulations use the enhanced Message Dissemination based on Roadmaps (eMDR) scheme [8] . The eMDR scheme only allows forwarding messages when the distance between sender and receiver is greater than a threshold, or in situations where the receiver is the closest vehicle to a junction, and rebroadcasting could allow the message to reach new streets.
To prove how maps affect the performance of vehicular communications, we selected two street maps, each one representing 4 km 2 of square area. Figure 1 shows the topology of the maps used in the simulations. As shown, Valencia is an example of a city with a high density of streets and junctions, arranged in a complex layout that differs from typical Manhattan-grid layouts, while San Francisco has a very regular street layout with a lower number of streets and junctions. As for the mobility of the vehicles, it has been performed with CityMob for Roadmaps (C4R) [11] , a mobility generator able to import maps directly from OpenStreetMap [12] . Table I shows the parameters used for the simulations. We selected three metrics to help us evaluate the performance of warning dissemination processes in a VN: (i) the warning notification time, (ii) the percentage of vehicles informed, and (iii) the number of messages received per vehicle. The warning notification time is the time required by normal vehicles to receive a warning message sent by a warning-mode vehicle, and it is critical when dealing with the usefulness of the system (a warning message delivered too late is useless when facing dangerous situations). The percentage of vehicles informed is the percentage of vehicles that have already received these warning messages. Finally, the number of messages received per vehicle (including beacons and warning messages) provides an indication of the level of channel contention.
All the results represent an average of over 50 repetitions with different scenarios (maximum error of 10% with a degree of confidence of 90%), and each simulation run lasted for 180 seconds.
III. IMPORTANCE OF THE DENSITY AND THE TOPOLOGY
IN VEHICULAR NETWORKS In this section we study the influence that the density of vehicles and the roadmap topology have in vehicular networks, demonstrating that they are two factors that strongly affect vehicular communications performance. In this work, we focus on vehicular environments, where vehicles periodically exchange messages (beacons) that contain information about their position, speed, route, etc.; if an accident happens, the vehicles involved broadcast warning messages to nearby vehicles, and these messages are also disseminated to the rest of vehicles by using multi-hop communications. Figure 2 shows the simulation results when varying the number of vehicles, in the scenarios of Valencia and San Francisco, respectively. We have tested with different numbers of vehicles, ranging from 100 to 1000 (i.e. from 25 to 250 vehicles/km 2 ). As shown, in both cases, the warning notification time decreases with increasing vehicle density. For example, in the scenario of Valencia, 50% of the vehicles are informed in 20 seconds when simulating 300 vehicles, but the system requires less than 5 seconds to inform the same percentage of vehicles when simulating 500 vehicles. This time is extremely reduced in very high densities (e.g., 50% of the vehicles are informed in only 1 second when simulating 1000 vehicles). This characteristic is explained because the flooding propagation of warning messages works better with higher vehicle densities. Nevertheless, highly congested scenarios can negatively affect the warning dissemination performance. As shown in Figure  2a , the system requires less time to inform 90% of the vehicles when simulating 900 vehicles than when simulating 1000 vehicles (7 seconds and 9 seconds, respectively), due to excessive channel contention and collisions.
However, when simulating the scenario of San Francisco, the density of vehicles is not as determinant as in Valencia, since the warning notification time is very similar when the density of vehicles is greater or equal than 400 vehicles. In that case, more than 80% of the vehicles are correctly informed in less than 2 seconds. This characteristic is explained because the information is more easily disseminated in simpler scenarios (i.e., scenarios that have a small number of streets and junctions).
The behavior in terms of percentage of vehicles informed also depends strongly on both factors. When simulating the same number of vehicles, more vehicles are informed in San Francisco than in Valencia. As mentioned before, warning messages are more easily propagated in simpler scenarios where buildings do not affect signal propagation to the same extent than in complex roadmaps. In addition, when the density of vehicles increases, the percentage of vehicles informed also increases, since the probability of successful communications increases in higher density scenarios. Only in very high density scenarios (700 vehicles or above) do both maps present similar results in terms of vehicles informed.
Regarding the roadmap topology, Figure 3 shows the warning notification time when varying the roadmap, while maintaining fixed the number of vehicles (400 vehicles in this case). As shown, the warning notification time is lower when simulating the map of San Francisco. Information reaches about 60% of the vehicles in only 1 second, and the percentage of vehicles receiving the warning vehicles reaches 80% in only 2 seconds. In contrast, when simulating the map of Valencia, information needs more time (about 29 seconds) to reach the same percentage of vehicles. So, when the topology of the map is more complex, the percentage of vehicles informed decreases, and more time is needed to reach the same percentage of vehicles.
Concerning the number of messages received per vehicle, as expected, this number highly increases when increasing the vehicle density, although the number of messages received per vehicle highly differs depending on the map. As shown in Figure 4 , the number of messages received is considerably lower for Valencia compared to San Francisco, since the wireless signal encounters more restrictions in this roadmap, and it is usually blocked by the presence of buildings.
IV. REAL-TIME VEHICULAR DENSITY ESTIMATION
The main objective of this paper is to propose a mechanism which allows estimating the density of vehicles in a specific area by using VNs. In particular, we intend to estimate the density taking into account the number of beacons received and the characteristics of the topology of the selected area (which could be obtained from the in-vehicle GPS unit). Hence, if vehicles are able to precisely estimate the vehicular density in their neighborhood, they could adequate their diffusion scheme according to this density.
To propose a method able to accurately estimate the density of vehicles, based on the number of beacons received and the roadmap topology, we made a total of 4000 experiments. These experiments involved the simulation of controlled scenarios (i.e., scenarios where the actual density is known). According to the results obtained, and using a regression analysis, we propose an density estimation function capable of estimating the vehicular density in every urban environment at any instant of time.
The roadmaps used during the experiments to achieve the density estimation were selected in order to have different profile scenarios (i.e., with different topology characteristics). Compared to the previous section, we added 6 new cities (Rome, Rio de Janeiro, Sydney, Amsterdam, Madrid, and Los Angeles).
A. Features of the Cities Studied
The first step before starting the simulations was to obtain the main features of each roadmap (i.e., the number of streets and junctions). However, we realized that different alternatives could be selected to obtain the number of streets of a given roadmap. Basically, they are: (i) the number of streets obtained in SUMO [13] , where each segment between two junctions represents a street, (ii) the number of streets obtained in OpenStreetMap (OSM) [12] , where each street has a different "name", and (iii) the number of streets according to our RAV radio propagation model, where the visibility between vehicles is considered to identify the streets [9] . Table II shows the values obtained according to each approach to count the number of streets for some of the cities studied. As shown, the differences between these approaches are significant, showing that it is important to decide which one to use in order to obtain better results. After some experiments, we realized that the third approach better correlated with the real features of cities, since the other two present some drawbacks: they are not accurate enough, or they present some errors. So, we choose this approach for the analysis that follows. Table III shows the number of streets and junctions for each of the cities studied, obtained according to the RAV algorithm. We also added a column labeled as SJ Ratio, which represents the result of dividing the number of streets between the number of junctions. As shown, the first 5 cities (Rome, Rio, Valencia, Sydney, and Amsterdam) present a SJ ratio greater than 1, which indicates that they have a complex topology, while the rest of the cities (Madrid, San Francisco, and Los Angeles) present a lower SJ value, which indicates that they have a simple topology. Note that, although Rio de Janeiro has a relatively small number of streets and junctions, it has a complex topology since the SJ Ratio is greater than 1.
After performing the topological analysis of the studied maps, we obtained the number of beacons received by each vehicle during 30 seconds, taking into account that each vehicle sends one beacon per second, and that these messages, unlike warning messages, are not disseminated by the rest of the vehicles. Figure 5 shows the results obtained for the different cities studied. We also included two lines which depict the averages for each profile category (i.e., simple and complex average). As shown, two different groups can be distinguished: (i) the complex maps, which are located in the left part of the figure, and (ii) the simple maps, which are located in the right part of the figure. As expected, complex roadmaps present a number of beacons received lower than simple roadmaps for a similar vehicular density. In addition, we found that the simpler cities present very similar results between them, being more difficult to estimate the vehicular density in complex cities compared to simple cities. Figure 5 also shows that the vehicular density not only depends on the number of beacons received, but also on the SJ ratio (according to data shown in Table III ). Therefore, the characteristics of the roadmap will be very useful in order to accurately estimate the vehicular density in a given scenario. Table IV shows the average percentage difference with respect to the mean value. From the obtained results we observe that the cities that show a better fit for the average results are Valencia (in the complex topology group), and San Francisco (in the simple topology group). Hence, these cities could be used as reference to obtain representative results when simulating Vehicular Networks.
B. Density Estimation Function
After observing the direct relationship between the topology of the maps, the number of beacons received, and the density of vehicles, we proceed to obtain a function to estimate, with the minimum possible error, each of the curves shown in Figure 5 . To this purpose, we performed a regression analysis that allowed us to find the polynomial equation offering the best fit to the data obtained through simulation.
Equation 1 shows the density estimation function, which is able to estimate the number of vehicles per km 2 in urban scenarios, according to the number of beacons received, and the SJ ratio (i.e., streets/junctions).
f (x, y) = a + bx + cy + dx 2 + f y 2 + gx 3 + (1)
In this equation, x is the number of beacons received by each vehicle, and y is the SJ ratio obtained from the roadmap. The values of the polynomial coefficients (a, b, c, d, f, g, h, i, j, and k) are listed in Table V .
C. Validation of our Proposal: Error Estimation
To determine the accuracy of our proposal, it is necessary to measure the estimated error. Figure 6 shows the difference between the average values for all the cities studied, and the values obtained by our function. As shown, we achieve a very good fit for the average values obtained in the simulations. In addition, Table VI shows the different types of errors calculated when comparing our density estimation function with the values actually obtained. Note that the average relative error is of only 1.02%.
V. RELATED WORK
Despite the importance of determining the vehicular density to improve the support for vehicular network applications, so far there have not been enough studies that explored the density estimation in order to improve wireless communications in vehicular environments. Tyagi et al. [14] considered the problem of vehicular traffic density estimation, using the information cues available in the cumulative acoustic signal acquired from a roadsideinstalled single microphone. This cumulative signal comprises several noise signals such as tire noise, engine noise, engineidling noise, occasional honks, and air turbulence noise of multiple vehicles. The occurrence and mixture weightings of these noise signals are determined by the prevalent traffic density conditions on the road segment. Using a discriminative classifier, such as a support vector machine (SVM), results in further classification accuracy gained over a Bayes' classifier.
Tan and Chen [15] proposed a novel approach of combining an unsupervised clustering scheme called AutoClass with Hidden Markov Models (HMMs) to determine the traffic density state in a Region Of Interest (ROI) of a road in a traffic video.
Maslekar et al. [3] claimed that clustering has demonstrated to be an effective concept to implement the estimation of vehicular density in the surroundings. However, due to high mobility, a stable cluster within a vehicular framework is difficult to implement. In this work, they proposed a direction based clustering algorithm with a clusterhead switching mechanism. The proposed algorithm facilitates the attaining of better stability, and thus improves the density estimation within the clusters.
All of these works established the importance of vehicular density awareness for neighboring areas, but none has deepened in the analysis of the accuracy of the method used to estimate this density, or the effect of the topology in the results obtained. Moreover, in most cases, this estimation does not take place in real time, or requires infrastructure deployment.
VI. CONCLUSIONS
This paper proposes a method that allows vehicles to estimate the vehicular density in their neighborhood at any given time by using Vehicular Networks. Our proposal allows improving diffusion mechanisms to adapt the message dissemination policies to the specific traffic conditions.
To develop the vehicular density estimation algorithm, we have taken into account not only on the number of beacons received by vehicle, but also the topology of the map where the vehicles are located. As a result of a large number of simulations, using maps from different cities, we have obtained an equation that is able to accurately predict the vehicular density. Results show that our proposal allows estimating the vehicular density for any given city with a high accuracy, thereby allowing scientists to improve their proposals, or propose new solutions based on our findings.
